Background/Aims: Abnormalities in the plasma amino acid profile have been reported in Alzheimer disease (AD), but no data exist for the prodromal phase characterized by subjective memory complaint (SMC). It was our aim to understand if serum amino acid levels change along the continuum from normal to AD, and to identify possible diagnostic biomarkers. Methods: Serum levels of 15 amino acids and 2 organic acids were determined in 4 groups of participants -29 with probable AD, 18 with mild cognitive impairment (MCI), 24 with SMC, and 46 cognitively healthy subjects (HS) -by electrospray tandem mass spectrometry. Results: Glutamate, aspartate, and phenylalanine progressively decreased, while citrulline, argi ninosuccinate, and homocitrulline progressively increased, from HS over SMC and MCI to AD. The panel including these 6 amino acids and 4 ratios (glutamate/citrulline, citrulline/phenyl alanine, leucine plus isoleucine/phenylalanine, and arginine/phenylalanine) discriminated AD from HS with about 96% accuracy. Other panels including 20 biomarkers discriminated SMC or MCI from AD or HS with an accuracy ranging from 88 to 75%. Conclusion: Amino acids contribute to a characteristic metabotype during the progression of AD along the continuum from health to frank dementia, and their monitoring in elderly individuals might help to detect atrisk subjects.
Introduction
Alzheimer disease (AD) is the most common neurodegenerative disorder and is characterized by a progressive loss of memory and executive function. In 2016, an estimated 5.2 million Americans aged 65 years or older are living with AD, and every 66 s, a new case of AD is diagnosed [1] . The evidence of brain atrophy and cerebrospinal fluid (CSF) abnormalities in cognitively normal subjects suggests that the neuropathological process might precede clinical symptoms by several years [2] [3] [4] [5] , and this proposes the existence of a cognitive continuum that moves from a normal cognitive state to full-blown dementia. Currently, 2 clinical conditions, known as mild cognitive impairment (MCI) and subjective memory complaint (SMC), have been identified as the earliest stages of disease and are both associated with an increased risk for AD [1, 6, 7] . MCI is defined as impairment of 1 or more cognitive domains that is worse than expected for the age and level of education of an individual, but is not severe enough to significantly compromise daily activities [6] . SMC indicates a self-reported memory decline, which may or may not be perceived by others, in the absence of pathological results on neuropsychological tests [7] .
To date, the molecular mechanisms associated with AD have remained elusive, and no drug can reverse the pathological process [1] . Thus, one of the major challenges of modern research is to identify highly reliable biomarkers for an early diagnosis of AD, in the hope of defining a therapeutic window in which the neural substrate is still responsive to therapy [8, 9] . Unfortunately, the biomarkers evaluated to date -including CSF levels of total tau, phosphorylated tau, and amyloid-β 42 (Aβ 42 ) -have not shown the accuracy and reliability needed to diagnose AD [10] . In the last years, metabolomics has been recognized as a promising approach to adequately defining the at-risk state of AD. There is, in fact, a growing body of evidence that AD and its earlier stages may have a metabolic biosignature easily inferable from peripheral blood by minimally invasive and relatively inexpensive procedures [8, 11] .
Amino acids not only are indispensable for humans as a nutrient but also play essential roles in the control and regulation of crucial functions of the human body [12, 13] . In the brain, free amino acids are important for neurotransmission and receptor signaling pathways, and they are involved in neurotoxicity. Therefore, biochemical pathways involving amino acids might be altered in AD, and changes in free amino acid levels might be an early indicator of neurodegeneration [14, 15] . However, the literature on amino acid analysis in AD provides contradictory results. For example, some researchers have found no significant differences in CSF or blood levels of glutamate (Glu) between normal and AD patients [16, 17] , whereas others have shown that this amino acid was elevated [18, 19] or reduced [20, 21] in AD. Similarly, aspartate (Asp) levels in CSF or blood have been found to be increased [19, 21] , reduced [20] , or unchanged [16] in AD compared to normal subjects. For these reasons, further studies are needed to clarify the role of amino acid alterations in the pathogenesis of AD and to gain new insights into early detection and prevention of this devastating disease.
In the present study, we determined the serum levels of 15 amino acids and 2 organic acids in different groups of subjects along the continuum from normal over SMC and MCI to AD with a double aim: (a) to understand if homeostasis of amino acids is implicated in the onset and progression of AD and (b) to identify possible diagnostic biomarkers. To the best of our knowledge, this research is the first to investigate serum levels of amino acids in subjects with SMC. met the NIA-AA diagnostic criteria for MCI due to AD [25] , had MMSE scores >24 and CDR scores of 0.5, and showed memory impairment as assessed via age/sex/education-adjusted scores on at least 1 of the following tests: (1) Rey's word list, immediate and delayed recall [26] , and (2) prose memory, immediate and delayed [27] . Participants with SMC stated that their memory function had deteriorated compared to earlier stages in life, reported that the time of onset was in adulthood, had a score of ≥25 on the Memory Complaint Questionnaire (MAC-Q) [28] and showed normal objective memory performance on the Rey and prose memory tests [7] .
To summarize, MCI subjects showed both subjective and objective memory impairment, SMC participants presented only memory complaints with a normal score on the memory tests, and HS showed neither subjective nor objective memory impairment. To rule out other potential causes of cognitive impairment, all participants underwent blood tests (including a full blood count and assessments of the erythrocyte sedimentation rate, urea and electrolytes, thyroid function, vitamin B 12 , and folate); furthermore, all patients with AD and MCI, and 20 of the 24 subjects with SMC, underwent brain imaging. Depression was also ruled out using the Geriatric Depression Scale-Short Form (GDS-SF) [29] : participants with a GDS-SF score of ≥6 were excluded from the study. The patients on treatment with cerebroactive drugs underwent a washout period of at least 14 days before assessment.
This study was conducted in accordance with the ethical principles stated in the Declaration of Helsinki, as well as with approved national and international guidelines for human research. The Ethics Committee of the University of Molise reviewed and approved this study, and written informed consent was required from the participants or caregivers.
Blood Collection
Blood collection was done between 8: 00 and 8: 30 a.m. after an overnight fasting of at least 12 h. Venous blood was collected into Vacutainer serum tubes (Becton & Dickinson, Milan, Italy) and centrifuged within 4 h. All serum samples were stored at -80 ° C until the preparation of spots and shipment to the analytical laboratory. To prepare spot serum from patients, 20 μL of each serum were spotted on filter paper (Whatman 903; Whatman GmbH, Dassel, Germany), dried, and sent by courier to the laboratory at room temperature. The technicians of the analytical laboratory were blinded to the sample identification codes.
Metabolite Analysis
Targeted analysis of amino acids and organic acids was performed by tandem mass spectrometry (MS/MS) according to the conventional validated method as previously reported [30, 31] . Briefly, a dried serum spot was punched into a microplate (96-well) and 200 μL of methanol containing labeled amino acid standards were added. The labeled internal standards of amino acids were purchased from Cambridge Isotope Laboratories (Andover, MA, USA); a stock solution was made in methanol. The standard concentrations for the amino acids were in the range of 7.6-152 µmol/L; the daily working solution was made by dilution of the stock solution (1: 200) using methanol:water 90: 10 v/v.
The spots were shaken on a vortex system for 20 min. After that, the solution containing the extracted amino acids was transferred to a new microplate and dried under a nitrogen flow at 50 ° C. The dried amino acids were derivatized to butyl esters using n-butanol with HCl (3 mol/L) at 65 ° C for 25 min. Then the sample was dried again and resuspended in 200 μL of an aqueous solution of 50% acetonitrile containing 0.1% formic acid (mobile phase), after which 40 μL were injected using flow injection analysis into a triple quadrupole mass spectrometer equipped with a TurboIonSpray source (API 4000; Applied Biosystems-MDS Sciex, Toronto, ON, Canada). The TurboIonSpray source was operated in positive ion mode with a needle potential of +5,500 V and with a "Turbo" gas flow of 10 L/min of air heated at 150 ° C (nominal heat gun temperature).
Mass calibration and resolution adjustments to the resolving quadrupoles were performed automatically using a PPG solution (10 -4 mol/L) introduced via an infusion pump. The peak width was set on both resolving quadrupoles at 0.7 Th (measured at half height of peak) for all MS and MS/MS experiments. Collisional activated dissociation MS/MS was performed in the LINAC Q2 collision cell, operating with 10 mTorr pressure of nitrogen as a collision gas. The declustering potential and collision energy were automatically optimized for amino acids using the Analyst 1.4 software; the resulting values of the declustering potential and collision energy were 20 V and 32 eV, respectively.
Concentrations of the amino acids were calculated automatically using the ChemoView software (API 4000; AB SCIEX). The targeted analysis of the metabolic profiles was focused on the estimation of alanine (Ala), arginine (Arg), argininosuccinic acid (ASA), Asp, citrulline (Cit), formiminoglutamic acid, Glu, glycine (Gly), homocitrulline (Homo-Cit), hawkinsin, methionine (Met), phenylalanine (Phe), ornithine (Orn), succinylacetone (SUAC), tyrosine (Tyr), valine (Val), leucine plus isoleucine (Xle). In addition, 18 amino acid molar ratios (Phe/ Tyr, Val/Phe, Xle/Phe, Xle/Ala, Xle/Tyr, Met/Phe, Met/Tyr, Met/Xle, Met/Cit, Glu/Cit, Ala/Cit, Orn/Cit, Cit/Phe, Arg/Phe, Arg/Ala, Arg/Orn, Cit/Arg, and ASA/Arg) were calculated and used as additional markers. The results of the quality control of amino acid and organic acid measurements are reported in online supplementary Table 1 (for all online suppl. material, see www.karger.com/doi/10.1159/000466688). The intra-assay variability (CV%), obtained analyzing 8 quality controls with different levels of concentration, was <20% (ranging from 3.5 to 19.9%) (online suppl. Table 1) .
Statistical Analysis and Data Processing
The data were analyzed using the SPSS statistical software package (version 17.0; SPSS Inc., Chicago, IL, USA). Variables were examined for outliers and extreme values by means of box and normal quantile-quantile plots, as well as with Shapiro-Wilk and KolmogorovSmirnov tests. When normal distribution could not be accepted, variable transformations (square, square root, logarithmic, reciprocal of square root, or reciprocal transformations) were reviewed; the reciprocal of square root of ASA levels, the square root of Met/Cit, Orn/ Cit, Cit/Phe, Arg/Phe, Arg/Ala, Arg/Orn, and Cit/Arg ratios, and, finally, the reciprocal of Gly, Homo-Cit, and SUAC concentrations helped to improve the distribution shape.
One-way multi-and univariate analyses of variance (ANOVAs) were used to evaluated group differences (HS vs. SMC vs. MCI vs. AD). Age, gender, educational level, and BMI were included into the model as covariates. The assumption of equality of variance was assessed by means of Levene's test. Finally, post hoc pairwise multiple comparison using Bonferroni's correction was performed in order to detect significant differences (p < 0.05) between specific means. The degree of linear association between MMSE score or educational level and amino acid concentrations in each group was evaluated by the Spearman rank correlation coefficient, using Bonferroni's correction for multiple comparisons. The χ 2 test was used to assess differences in comorbidity and drug intake between groups.
Multivariate statistical analysis was also performed, using projection methods as implemented in the MetaboAnalyst 3.0 online package [32] . Principal component analysis (PCA) was first applied to detect sample metabolite trends and clustering in an unsupervised manner, and the partial least-squares discriminant analysis (PLS-DA) was applied to reinforce classification and to better identify clustering. The concentrations of all variables analyzed were preprocessed by normalization by the sum, transformed by log normalization, and with mean-centered and auto scaling before building the model. The model quality was evaluated by the goodness-of-fit parameter (R 2 ) and the goodness-of-prediction parameter (Q 2 ).
Pearson rank order was used to measure correlations between metabolites and molar ratios. The heat map was obtained using all the values of the best metabolites and molar ratios selected by the random forest algorithm. Classic and multivariate receiver operating characteristic (ROC) curve analyses were performed using the tool for biomarker analysis of the MetaboAnalyst 3.0 package [33] . This tool allows the evaluation of diagnostic power for each amino acid and ratio calculating the area under the curve (AUC) and the confidence interval (CI). According to the criteria of Jones and Athanasiou [34] , AUC of >0.97, 0.93-0.96, 0.75-0.92, and 0.6-0.74 were interpreted as "excellent," "very good," "good," and "reasonable," respectively. Before the ROC curve analyses, the data set was log transformed and scaled using the unit variance scaling method (mean centered and divided by the SD of each variable). Multivariate ROC curve analysis allows the identification of multiple biomarkers and assesses the classification performance of the generated models. Here, we used a well-established algorithm (i.e., the random forest algorithm) to select and cross-validate the most important features. In brief, the model was validated through repeated random subsampling cross-validation where, in each cross-validation, two-thirds of the samples are used to evaluate the importance of each feature. The generated model was then further validated by 1,000 permutation tests using the AUC as the performing measure.
Results
Multivariate ANOVA, including age, gender, educational level, and BMI as covariates, showed a statistically significant difference (F = 2.577; df = 108, 228; p < 0.001; Pillai's trace = 1.649; partial η 2 = 0.550) between groups (HS vs. SMC vs. MCI vs. AD). The results of the univariate ANOVAs and post hoc multiple comparisons are reported in Table 2 . The mean concentrations of Glu (F = 10.273; df = 3, 109; p < 0.001; partial η 2 = 0.220), Asp (F = 9.911; df = 3, 109; p < 0.001; partial η 2 = 0.214), and Phe (F = 10.758; df = 3, 109; p < 0.001; partial η 2 = 0.228) showed a significant downward trend, decreasing from HS via SMC and MCI to AD (Table 2 ; Fig. 1 ). For all 3 metabolites (Glu, Asp, and Phe), pairwise multiple comparisons showed that the HS group was significantly different from the MCI (p < 0.05) and the AD (p < 0.001) group, and the latter was significantly different from the SMC (p < 0.05) group. SUAC, Tyr, and Val also showed decreased serum concentrations in the AD group compared to HS ( Table 2) . On the other hand, a significant upward trend was detected for the serum levels of Cit (F = 3.247; df = 3, 109; p = 0.025; partial η 2 = 0.082), ASA (F = 4.207; df = 3, 109; p = 0.007; partial η 2 = 0.104), and Homo-Cit (F = 3.160; df = 3, 109; p = 0.028; partial η 2 = 0.080), progressively increasing from HS over SMC and MCI to AD ( Table 2 ; Fig. 2 ). The comparison AD versus HS was always significant for these amino acids, while the comparison AD versus SMC was significant only for ASA and the comparison HS versus MCI only for Homo-Cit ( Table 2) .
The results of the univariate ANOVA and post hoc multiple comparisons for the molar ratios are reported in Table 3 . Ten ratios, i.e., Ala/Cit, Arg/Ala, Arg/Phe, Cit/Phe, Glu/Cit, Met/ Cit, Met/Phe, Orn/Cit, Val/Phe, and Xle/Phe, changed significantly between the 4 groups. In particular, Ala/Cit, Arg/Phe, Glu/Cit, Met/Cit, and Xle/Phe showed at least 3 significant pairwise comparisons, including AD versus HS (Table 3) . Ala/Cit, Glu/Cit, and Met/Cit decreased (Table  3 ; Fig. 1 ), while Arg/Phe, Cit/Phe, and Xle/Phe increased (Table 3 ; Fig. 2 ) from HS over SMC and MCI to AD. The Spearman rank correlation coefficients showed no significant correlation between MMSE or educational level and amino acid concentrations for each group. The χ 2 test showed no significant differences in comorbidity or drug treatment between the groups.
Class PCA, used to check data homogeneity, detected neither subgroups nor strong outliers. Both PCA and PLS-DA showed that the first 2 components (PC1 and PC2) separated AD patients from HS well, while the MCI and SMC samples were found in the intermediate zone between AD and HS (Fig. 3a) . The clusters of amino acids and molar ratios that strongly influenced the separation of HS from AD were Asp, Glu, Phe, Val, Met/Phe, Met/Tyr, Met/Xle, and Xle/Phe along the first principal component (PC1), and Ala, Arg, ASA, Cit, Homo-Cit, Ala/ Cit, Arg/Ala, Arg/Orn, Arg/Phe, Cit/Arg, Cit/Phe, Glu/Cit, Met/Cit, Orn/Cit, and Xle/Ala along the second principal component (PC2). Both amino acids and molar ratios differently contributed to the separation between groups, as represented by the loading plots of PC1 and PC2 (Fig. 3b) . All loading values for the first 3 principal components are reported in online suppl. Table 2 . The heat map obtained from multivariate analysis using the random forest algorithm confirmed the above-reported trends for some variations in amino acids and molar ratios between the 4 classes of subjects (Fig. 4) . These findings were further confirmed by correlation analysis, showing that several amino acids, such as Ala, Arg, ASA, Asp, Cit, Gly, Glu, Met, Orn, Tyr, Val, and Xle, correlated well (r > ±0.6) with each other as well as with several molar ratios (online suppl. Table 3 ).
The univariate ROC curve analysis was performed using all amino acids and their molar ratios as potential biomarkers. The first 10 biomarkers ranked by AUC and the related statistical significance for all pairwise comparisons are reported in online suppl. Table 4 Multivariate ROC curve analysis (Explorer) showed that the combination of the 10 biomarkers Glu, Glu/Cit, Cit/Phe, Asp, Xle/Phe, Arg/Phe, ASA, Homo-Cit, Phe, and Cit reached a very good power in discriminating AD from HS (AUC = 0.948; Fig. 5a ). Anyway, good or very good diagnostic power was also obtained with the other models developed, using the first 3 Amino acids and molar ratios with a significant increasing trend from HS to AD. The boxplots (see Fig. 1 for details) of ASA, Cit, and Homo-Cit serum concentrations (μmol/L) and 3 molar ratios in the 4 groups of subjects. AD, Alzheimer disease; MCI, mild cognitive impairment; SMC, subjective memory complaint; HS, healthy subjects; ASA, argininosuccinic acid; Cit, citrulline; Homo-Cit, homocitrulline; Arg, arginine; Phe, phenylalanine; Xle, leucine or isoleucine. (AUC = 0.901) or the first 5 (AUC = 0.930) biomarkers (Fig. 5b) . In online supplementary Figures 1 and 2 , the results of the pairwise discriminant analysis using multivariate ROC curves are reported. The discriminant power using 10 or 20 biomarkers was good for the comparisons AD versus SMC (AUC = 0.86 and 0.88, respectively), HS versus MCI (AUC = 0.79 and 0.80, respectively), HS versus SMC (AUC = 0.75 and 0.78, respectively), and AD versus MCI (20 biomarkers, AUC = 0.75), and insufficient for MCI versus SMC (AUC = 0.51 and 0.52, respectively). A ROC curve-based model evaluation (Tester) showed that the model including 10 biomarkers had a very good diagnostic power with an AUC of 0.958 in discriminating AD from HS (Fig. 6a) . The cross-validation with the random forest algorithm showed an average prediction accuracy of 0.872 (Fig. 6b) , and in the permutation tests (n = 1,000), none of the results was better than the original one (p < 0.001; Fig. 6c ). Heat map of the best metabolites and molar ratios discriminating the 4 groups of subjects. The heat map obtained via multivariate analysis using the random forest algorithm shows the variations between the 4 classes of subjects in the best 15 biomarkers. AD, Alzheimer disease; MCI, mild cognitive impairment; SMC, subjective memory complaint; HS, healthy subjects. For explanations of the remaining abbreviations, see Subjects and Methods.
Discussion
The present study showed that the serum levels of several amino acids changed significantly passing from HS over patients at risk of AD (i.e., with MCI and/or SMC) to patients with AD along the continuum from normal aging to dementia. In particular, Glu, Asp, and Phe progressively decreased, while Cit, ASA, and Homo-Cit progressively increased from HS over SMC and MCI to AD (Table 2 ; Fig. 1, 2) . Furthermore, several amino acids and their ratios might be used for the early detection of patients with or at risk of AD with a good diagnostic accuracy. In particular the multivariate model built including 6 amino acids (Glu, Asp, Phe, ASA, HomoCit, and Cit) and 4 ratios (Glu/Cit, Cit/Phe, Xle/Phe, and Arg/Phe) discriminated AD patients from HS with about 96% accuracy (Fig. 6a) . These results which show that the metabolism of some physiological amino acids is impaired in AD as well as in MCI and/or SMC patients suggest the existence of a continuum in the pathophysiology of AD from healthy to demented.
Identifying people at risk of contracting AD early and as accurately as possible is a priority for the medical community. Unfortunately, current biomarkers for early disease detection such as CSF levels of Aβ 42 and total and phosphorylated tau, as well as hippocampal atrophy on MR or CT imaging and 18 F-fluorodeoxyglucose or amyloid PET, have a limited diagnostic accuracy [35] . Furthermore, the CSF sampling procedures are invasive and the neuroimaging techniques are expensive and time-consuming [8] . In recent years, there has been a growing interest in the detection and characterization of new biomarkers of AD using peripheral blood in order to overcome the limitations associated with the use of current biomarkers [35, 36] . Peripheral blood might be a very promising substrate for biomarker searching; it is easily accessible and provides a relatively inexpensive substrate for analyses [8, 37] .
A number of studies have described alterations in the metabolism of important lowmolecular-mass metabolites including amino acids [38] [39] [40] [41] with the aim of defining the "metabolic signature" of AD [8, 36] . Nevertheless, it remains unclear how the metabolic changes occurring in AD brains affect the metabolic profile of the whole body. Although several metabolites or other entities (such as proteins, transcripts, etc.) of the CNS (central nervous system) are not in an established relationship with blood, a diseased CNS might drive a peripherally detectable biosignature [8, 42] . In serum from AD transgenic mice, González-Domínguez et al. [43] recently confirmed many of alterations previously described only in brain tissue, thereby demonstrating that peripheral blood is a potential source of lowmolecular-weight biomarkers for neurodegenerative changes in the brain.
According to our results ( Table 2 ; Fig. 1 ), several previous studies have reported low Glu concentrations in plasma or serum of AD [15, 30, 44, 45] and MCI [15, 40] patients in comparison with HS. In contrast, Miulli et al. [18] demonstrated a significant increase in Glu in plasma, while others did not find significant differences in serum [17, 46, 47] of AD patients compared with that of controls. A significant Glu reduction was also measured in CSF of AD patients [20, 21, 48] ; in particular, Samakashvili et al. [49] showed that the CSF Glu content progressively decreased with the severity of the disease. However, other studies found CSF Glu levels to be increased [14, 19, [50] [51] [52] or unchanged [16, 17, 46, 53] . Rupsingh et al. [54] , using MR spectroscopy in vivo, found a decreased level of Glu in the hippocampus of subjects with MCI and AD compared with controls. Moreover, postmortem studies demonstrated that Glu levels were lower in hippocampus [55] and higher in frontal cortex [56] and cingulate gyrus [57] samples of AD patients compared to those of HS.
In line with our results (Table 2 ; Fig. 1 ), low concentrations of Asp have previously been reported in plasma or serum samples of AD [15, 38] and MCI [15] patients, in contrast with others who found increased [18, 19] or unchanged [17, 21] plasma or serum levels of Asp in AD compared to HS. Martinez et al. [21] reported increased levels of Asp in the CSF of AD patients, in disagreement with other authors, who found low [20, 51] or unchanged [16, 52] Asp levels. Several postmortem studies [56] [57] [58] demonstrated low levels of Asp in AD patients compared to HS.
Contradictory results were also reported for CSF or blood levels of Phe, which have been found increased [59, 60] , reduced [38] , or unaffected [21, 46, 53] in AD patients compared to HS. Ravaglia et al. [59] reported significantly high plasma levels of Phe also in MCI patients. Postmortem studies reported that Phe levels were significantly lower [61] or higher [57] in brains of AD patients compared to HS.
The serum reduction of Tyr and Val was in agreement with some reports [38] , but in disagreement with others who found high [53] or unchanged concentrations [17, 21, 44, 46, 50, 52, 59] .
Differently from Asp, Glu, Phe, Tyr, and Val, we found that Cit, ASA, and Homo-Cit serum levels progressively increased from HS over SMC and MCI to AD; however, only the comparison HS versus AD was always significant (Table 2 ; Fig. 2 ). Previous studies also observed that in plasma [62] and CSF [46, 60] , Cit occurred at significantly greater concentrations in AD patients compared to HS, while others [17, 48] did not find significant differences. In contrast with other authors [15, 17, 59] , we found only a trend towards increased levels of Arg in AD.
The variable and often contrasting results reported above might have several causes, including the multiplicity of methodological approaches, different numbers of observations, and the clinical features of the studied subjects. However, these contrasting results strengthen the hypothesis that AD is a heterogeneous and multifactorial disorder, resulting from a combination of multigenic susceptibility and environmental influences. In other words, the noso-logical entity of AD probably includes different pathological subtypes, each one with its own molecular mechanisms, prognosis, and therapy response.
The results of present study (in particular the decrease in Glu, Asp, Phe, Tyr, and Val, with the increase in Cit, ASA, and Homo-Cit, from HS to AD) may suggest that at least in a subgroup of AD patients the pathogenic mechanism is characterized by an increased use of some ketogenic and/or glucogenic amino acids for energetic purposes. A body of evidence shows that the cerebral glucose metabolism is perturbed in AD, and in such circumstances, amino acids might be used as an energy substrate [63] . The excess of ammonium ions produced by the amino acid catabolism might saturate the urea cycle, causing an increased synthesis of Cit and ASA upstream to formation of Arg (slightly but not significantly elevated) and Orn (within normal range) ( Table 2 ). The amount of ammonium ions that escapes the urea cycle might be transformed into Homo-Cit, thereby increasing its serum levels ( Table 2 ). The carbon skeletons of ketogenic and/or glucogenic amino acids might be broken down into metabolites that enter the tricarboxylic acid (TCA) cycle for the production of energy. The finding that all urea cycle enzyme genes were expressed in AD brains, and that the expression of arginase 2 and ornithine transcarbamylase was higher in AD brains than in controls [64] , supports our hypothesis. The observation of a possible upregulation of the TCA cycle in neurodegenerative dementia, inferred from the marginal increase in several intermediates of such a cycle in the serum of demented patients [47] , also substantiates our hypothesis.
Similarly to our study, Mapstone et al. [39] identified a panel of 10 metabolites that were highly predictive of conversion to AD (AUC = 0.92) in a group of cognitively normal older in dividuals. However, Casanova et al. [65] , using the metabolite panel and the platform of Mapstone et al. [39] , failed to replicate the same high prediction performance in 2 independent cohorts with a total of 193 participants (AUC max. = 0.642). These findings further support the hypothesis that AD is a complex, multifactorial disorder, including different pathological subtypes. For these reasons, according to Casanova et al. [65] , we suggest that biomarker panels identified in small exploratory studies, including our 10-biomarker panel discriminating AD patients from HS with about 96% accuracy (Fig. 6a) , need large-scale and well-designed validation to establish their clinical utility.
In conclusion, the results of the present study suggest that ketogenic and/or glucogenic amino acids such as Asp, Glu, Val, Phe, and Tyr might progressively decrease, while urea cycle amino acids such as Cit and ASA might progressively increase, along the continuum from cognitively normal individuals over SMC and MCI to AD patients, and that the pathogenic mechanisms might include the utilization of amino acids entering the TCA cycle for fuel sources. Our results also suggest that several amino acids and their ratios might help to identify patients before phenotype conversion to AD with a good diagnostic accuracy. However, considering the complex, multifactorial nature of AD, further validation on greater samples in longitudinal studies is needed before application to clinical practice.
